Introduction
Climatic and weather-related events have long shaped migration patterns on Earth. From tectonic shifts to meteors to hurricanes and tsunamis, life on Earth has long been subject to unexpected changes in its surroundings and had to adapt. While earlier inhabitants of Earth, such as the dinosaurs, were unable to cope with such natural disasters, more recently humanity has found ways to withstand the elements via construction of solid shelters. But even some of the most well-built cities have fallen victim to natural disasters forcing their populations to either flee or suffer the consequences. Sometimes such disasters are caused by human activity as in the string of ghost towns along the Aral Sea following the rerouting of waterways. Other times unforeseen natural disasters can cause similar shifts in population, such as the combination of Hurricanes Katrina and Rita in New Orleans, Louisiana in 2005 in which 300,000 people sought refuge in nearby states.
In this chapter we examine the implications of natural disasters on communities and differentiate between them based on magnitude, level of development for the impacted region, and a number of additional factors. We present a critique of past approaches in examining the impact of a disaster on migration and provide alternatives to the literature. Section I highlights some of the historical situations involving natural disasters. Sections II through V examine the literature regarding the economic impact of natural disasters on migration. And sections VI through X provide an alternative approach to examining this impact as well as a sample application of this approach. Section XI provides some concluding remarks.
I. Natural Disasters
Climate experts have recently predicted with 99% certainty that the number of weatherrelated disasters will be increasing over the next few decades, forcing some regions of the world to become "increasingly marginal as places to live" (Borenstein 2012) . The basis for this claim is rooted in history. Time and again, natural disasters have destroyed thriving communities around the world. One of the earliest recorded casualties of a natural disaster is the ancient city of Ephesus which is located in modern-day Turkey. Ephesus is known for having been the site of one of the Seven Wonders of the World, the Temple of Artemis, and for later becoming the second-largest city in the Roman Empire. While Ephesus grew in importance and stature in the ancient world, the geography of the town began to shift over the centuries as silt deposits from the Kucuk Menderes River (or Cayster River) began building up in the seas. What had once been a magnificent port city became fully land-locked by the Byzantine Period and was soon abandoned to Arab conquerors. The majority of the estimated 400,000-500,000 people of Ephesus fled to nearby Byzantine strongholds such as Constantinople and, due to the diminished capabilities of the port-less port city, never returned (Ephesus.us 2010) . Today, silt from the Cayster River has pushed the coastline more than five miles from the original Ephesus harbor.
Fifteen hundred years later, another city was abandoned north of the Black Sea from Ephesus. The city of Prypiat, Ukraine was founded in 1970 as the ninth Atomograd, or nuclear cities, of the Soviet Union. Prypiat was home to 50,000 residents, most of whom worked at or were related to workers of the nearby Chernobyl Nuclear Power Plant. Following the nuclear disaster on April 27, 1986, the city was hastily abandoned over the course of two days and declared an abandoned zone. Today the city has no permanent inhabitants and the majority of buildings are in ruins. Despite clean-up efforts, as of August 2011, the radiation levels in Prypriat are more than three times higher than in nearby Chernobyl and more than seven times the safe levels of the closest major city, Kiev (Pripyat.com 2011) . Similar incidents to these have happened in the United States in the 1970s. Prior to the Chernobyl disaster and the 2011 Japanese earthquakes, the worst nuclear disaster took place at the Three Mile Island nuclear facility in Pennsylvania in 1979. While nearby townships were evacuated, 98% of residents returned to their homes within three weeks of the evacuation order (Cutter and Barnes 1982) . On the other hand, the residents of Centralia, Pennsylvania and Love Canal, New York just north of Three Mile Island were not as fortunate.
Centralia was settled in 1841 as a coal mining town and became famous for being a hotbed of bloody labor disputes at the end of the 19 th Century between mine owners and the semi-organized Irish workers known as the Molly Maguires. Nearly a century later, the coal was depleted and the mines were turned into a landfill. In 1962, unbeknownst to residents, coal ashes ignited a fire in the Centralia landfill which led to an amassing of carbon monoxide underground. Canals" (Beck 1979 ).
More recently, severe weather catastrophes over the last few years have led to large-scale evacuations in such places as New Orleans, Lousiana (hurricanes), Sumatra, Indonesia (earthquake and tsunami), and Joplin, Missouri (tornados). But none of them faced the problems of Fukushima, Japan. On March 11, 2011 a series of small earthquakes shook the Pacific Rim.
That afternoon, a major 8.9 earthquake (the most powerful to ever hit the region) struck off the coast of Tohoku, Japan. The earthquake was so strong that Honshu Island (the main island of Japan) shifted geographically by 8 feet. As bad as the earthquake was, the tsunami that followed was even worse. The flooding from the tsunami touched off a nuclear event that was as bad as the Chernobyl event in magnitude, and just as with Prypriat, an entire region of the country was evacuated. Nuclear experts estimated that the tens of thousands of homes that were evacuated would be unlivable for several thousand years, rendering Tohoku, Japan uninhabitable (Chico 2011) .
II. Scientific Literature
The literature reveals a number of approaches to examining the impact of natural disasters on migration. Among others, researchers have used OLS, difference-in-difference (DD), difference-in-difference-in-differences (DDD), logistical regressions, instrumental variable regressions, and even simple anecdotal statistical analyses. Regardless of the approach used, the main finding is that disasters will always lead to temporary migration, and more often than not, can also lead to permanent migration especially in developing regions of the world.
In De Silva, et al. (2010) findings by showing that black residents of New Orleans that had been displaced by Hurricane
Katrina were less likely to find a job upon returning to New Orleans than those that never left.
Zotarelli's (2008) findings were based on a logit analysis of Gallup Survey data collected in 2006 that examined the probability of return. The study concludes that workers who left after the hurricane were more likely to stay in the city they took refuge in during the aftermath of the storm if they have a better opportunity there. Jeffrey A. Groen and Anne E. Polivka (2010) followed up Zotarelli's (2008) findings with another logit analysis, showing that the individuals who returned home after Katrina were predominantly older people who had less to gain from leaving the city to begin with. Using CPS data, Groen and Polivka (2010) found that in the end, less educated, low income, workers stayed away leaving New Orleans with a higher percentage of high educated, high income, workers. James R. Elliott and Jeremy Pais (2010) point out that this withdrawal is typically a feature of urban areas but not rural areas. They used descriptive statistics to analyze differences among population density and found that in rural areas the poor generally have less of a chance to migrate out and wind up bearing the brunt of the storm.
In developing countries, the poor face similar constraints. Without the resources to leave following a disaster, many of the poor are forced to wait until conditions improve. Sally E. Findley (1994) examined the descriptive statistics for a major drought in Mali and found that despite occurring over a 3 year period, the drought did not significantly lead to long term migration. Examining descriptive statistics from the Sahel Institute, Findley (1994) found that the bulk of the migration was temporary and circular, with most people simply trying to wait out the drought. Clark Gray and Valerie Mueller (2011) employed a multivariate event history analysis to study another lengthy drought and found that in the Ethiopian highlands mobility increased as the drought conditions worsened. Similar to Findley (1994) , the study utilized local data and found that migration during droughts primarily remained regional only, such that displaced populations tended to remain close to their original location. The migratory behavior tended to be nomadic in the sense that the drought caused people to change their daily routine into a constant search for water. Such nomadic migration appears to be unique to the developing world primarily because resources are too limited for people to outright move out of developing regions.
In addition, Alessane Drabo and Linguere Mously Mbaye (2011) found that natural disasters in developing countries affect highly-educated individuals as well, and in recent years they have contributed heavily to the brain drain. Using fixed effects analysis for a panel of 88 countries, they investigated the relationship between net migration rates and natural disasters of three types -meteorological (events caused by storms), hydrological (events caused by floods, drought and wildfire) and climatological (events caused by extreme temperature) -which are instigated by climate change, in developing countries. They found that only higher-educated people will have the means to leave, and subsequently, without higher-skilled individuals, these countries have a harder time dealing with the disasters and are thus even more susceptible to emigration of high skilled workers to developed countries the next time a disaster strikes.
Other studies have found that natural disasters can disrupt long term trends in developing countries and bring about unexpected out-migration of the poor as well. Adriana Kugler and Mutlu Yuksel (2008) Community Survey data, Kugler and Yuksel (2008) showed that as immigrants entered into specific regions of the United States in the 1980s, the native population moved away, thus when the hurricane created another wave of immigration in the 1990s, the increase in labor supply really only impacted the earlier group of immigrants. Therefore, the increase in low-skilled emigration to the United States depressed the wages of previous migrants to the United States and did not have a significant impact on natives. Denise L. Stanley (2010) also examined the impact of Hurricane Mitch on Latin America by analyzing the descriptive statistics before and after the hurricane. Specifically, she used data from the Honduran Population Census to look at the impact on farmers in Honduras. She found that before the hurricane, there was regional outmigration in shrimp farming towns and in-migration into melon farming towns as impoverished rural residents sought out more consistent sources of income. However, once the hurricane hit destroying small farms, this localized migration was replaced with more permanent international migration. Similarly, Gordon H. Hanson and Craig McIntosh (2010) used OLS to analyze census data from the United States, Canada, the United Kingdom, and Spain. Hanson and McIntosh (2010) showed that labor opportunities drive international migration as well, in that higher population growth in Latin America has led to waves of migration to more prosperous nations. They found that when labor opportunities are destroyed by natural disasters in Latin America, the bulk of emigrants leave for the United States more so than elsewhere.
Additionally, Sergio O. Saldana-Zorilla and Krister Sandberg (2009) utilized a spatial model to find that weather-related disasters accounted for 80% of economic losses in Mexico particularly in agricultural regions, in turn, leading to permanent mass-migration north into the United States.
Timothy J. Halliday (2006) reported similar findings using an ordered response model to examine household-level panel data in El Salvador. Halliday (2006) found that earthquakes and agricultural shocks increased the rate of migration of poor farmers to the United States. In general, it appears that the ease of the potential move plays a role in determining whether outmigration will occur following a disaster. Regions that experience relatively high annual outmigration, such as Latin America and the Caribbean, will see out-migration numbers increase significantly following a hurricane. On the other hand, more nomadic areas with relatively low annual out-migration will continue to remain that way even after a natural disaster.
III. Methodological Problems
A number of methodological flaws possibly mar how these studies evaluate the impact of natural disasters on population shifts. These methodological flaws range from small sample size to poor or no selection of controls (see, for example, Stephane Hallegatte, Auguste Boissonnade, Marc-Etienne Schlumberger, and Robert Muri-Wood (2008)), to a poor identification of the treatment (see, for example, De Silva, et al. (2010) ), and in the case of the descriptive statistical analyses to potential for spurious relationships (see, for example, Elliott and Pais (2010)).
One of the most common issues is a lack of a legitimate set of controls which in turn precludes the study from having a true baseline comparison. For example, Stephane Hallegatte, Auguste
Boissonnade, Marc-Etienne Schlumberger, and Robert Muri-Wood (2008) examine damage claim forms following hurricanes and found that the construction sector soared due to a surge in demand for reconstruction which, in turn, raised prices. They then remove the demand surge (which they assume to be homogenous across the state) to assess losses at the pre-hurricane price level. However, they fail to account for both the role of the housing bubble in raising construction prices as well as the migration of people seeking warmer weather moving from the Northeast down to Florida 1 which would have been a major part of their demand surge. Thus, without a real baseline comparison, Hallegatte, et al. (2008) 
IV. Summary of Past Findings: Meta-Analysis
Because of potential biases in any one study, it makes sense to examine all studies in their entirety to determine which conclusions generalize across studies. We do so within the context of a meta-analysis. In general, these previous studies have come to the conclusions that:
(1) natural disasters will lead to migration in the short term and possibly the long term as well, with the bulk of that outmigration occurring in developing countries; and (2) people living in rural areas (especially in developing countries) will have less mobility than people in urban areas following a disaster. To verify these key results in the literature we turn to a meta-analysis as well as an event study which will be discussed in the following section. Finally we looked at the details on migration brought upon by the disaster. Those disasters that led to migration were noted both through a simple dummy variable whether or not the disaster led to outmigration, as well as by noting the rate of migration (defined as the number of migrants divided by the total number of people affected). We have converted this data into a series of categorical variables that can be used in a probit analysis to examine the likelihood of international migration which tests the first of the two conclusions mentioned above. The data also enable us to examine whether or not the results differ when written by economists compared to other social scientists, and whether they differ based on incorporating econometrics rather than simple descriptive statistics. We run a set of regressions to test these hypotheses using each study reported in Table 1 as the unit of observation. One set of regressions examines the impact of disaster size measured in terms of death and damage on international outmigration. The other is based on characteristics of the study, whether published by an economist and whether econometric analysis was used. Table 2 lists the results of our first analysis, namely whether or not more destructive disasters triggers higher levels of migration as well as whether or not developing countries tend to have more outmigration than developed countries. In order to maximize degrees of freedom, using the meta-data in Table 1 , we ran four individual probit estimations to assess the likelihood that a disaster would lead to outmigration into a different country.
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The coefficients can be interpreted as the change in likelihood of international migration.
Thus, as expected, developing countries are 60% more likely than developed countries to have international outmigration following a disaster. The number of deaths due to a disaster is positive, though statistically insignificant in determining whether there will be international outmigration. As for the damage factors, the negative coefficients appear to be driven by a major outlier in that the damage to the United States during Hurricane Katrina was the most expensive in the series; however, it did not lead to any outmigration. Thus we expand the model by including a dummy variable that isolates Hurricane Katrina. Running the estimations once more while accounting for the studies that examined Katrina by including a separate Hurricane Katrina dummy variable, we find that the factors that measure damage lose their statistical significance. Table 3 reports these findings.
Next, we created a dummy variable that identified which of the studies had been published in economics journals to see if there were any differences in results. Furthermore, it does not appear that the results were significantly understated in studies that only used descriptive statistics as their main analytical tool.
V. Summary of Past Findings: Event Study
Rather than examining each study as the unit of observation, we now in this section use the natural disaster itself as the unit of observation. These 52 studies in Table 1 entail 23 individual natural disasters which we summarize in Table 5 . We divide them into four groups:
droughts (D); hurricanes (H); water-related disasters including floods and tsunamis (W); and land-related disasters including earthquakes, sinkholes, and tornadoes. In addition, we classify locations which underwent multiple disasters (M = 1), and we take account of whether the country is a developing nation (DEV = 1). Finally, we denote events resulting in migration for which the number of migrants exceeds 10,000 in a given year (Migration = 1), and whether the outmigration was international (INT = 1).
Once again we will use a probit estimation to assess the conclusions of the literature.
This time we focus on the second conclusion that rural areas are less likely than urban areas to experience outmigration following a disaster. In addition, we examine type of disaster and we distinguish between domestic and international migration. The results of these regressions can be found in Table 6 . Our analysis estimates the likelihood of the incidence of mass migration (defined as more than 10,000 people leaving their country within the span of one year) and the incidence of international migration. In this particular estimation, we examine whether or not the disaster struck a rural region to see what, if any, difference there will be in the resulting level of outmigration. Model 1 lists the results of this estimation indicating less out-migration from rural areas. Model 2 adds type of disaster (hurricane, draught, and water-related disasters relative to land-related events). None, with the exception of hurricanes, are statistically significant.
Due to the presence of Hurricane Katrina as an outlier in the data set, the hurricane dummy variable yields a negative coefficient in Model 2. By including a dummy for Hurricane Katrina in Model 3, the hurricane coefficient becomes positive and statistically significant.
Aside from that, once again the type of disaster does not appear to play a significant role in determining the likelihood of a mass migration episode occurring, however again, multiple disasters are statistically significant and the occurrence of multiple disasters at one event site increases the likelihood of mass migration by as much as 51%. In support of the major conclusions from the literature, we find that mass migration is far less likely to occur when disasters impact rural areas (about 75% less than urban areas).
Finally, we examine how disasters relate to international migration rather than overall migration level. To do so, we run two additional regression models, one using the international migration dummy variable as the dependent variable and the second which features an interaction term between international and the high-migration dummy variable as the dependent factor. These results are summarized under Models 4 and 5 respectively. As can be seen, while rural regions are less likely to feature high level migration, statistically speaking, individuals in those regions are about as likely, on average, to migrate abroad as are their urban counterparts.
VI. Improving the Estimation
The common thread throughout most of the previous comparative studies is a failure to account for overlaying trends in the data via a legitimate control set. In addition, DD studies, in particular, have identification problems with regard to the treatment group versus the control group as Joshua A. Angrist and Alan B. Krueger (1999) demonstrate; and other studies overlook potential issues within the controls themselves. 5 This results in untrustworthy coefficient estimates due to biases in the estimates themselves as well as in their standard errors. We propose to examine the mean difference between a treatment set and control set based upon a number of individual events. Using a mean effect rather than a unique seemingly-exogenous shock minimizes the possible bias resulting from potential unobservable heterogeneity between the control and experimental groups. To that end, the Generalized Difference-in-Difference (GDD) model improves upon the DD model by incorporating a multitude of events through which the average exogenous effect can be felt (Belasen and Polachek (2008) ).
The GDD model calls for a rotating pool of control groups and treatment groups such that likelihood of identification problems resulting from nonrandom sampling is eliminated. Each individual in that group can wind up as a member of the control group or the treatment group depending on the impact of the event. So essentially, DD is a special case of GDD in which only one event occurs at one given period of time. Of course, by generalizing the study via GDD, the probability that unobserved heterogeneity has biased the results is minimized. Additionally, the identification problems will also be minimized because the control and treatment groups will be made up of the same individuals albeit at different points in time.
The GDD model is similar to the DD model in the sense that a variable is chosen which takes the value of zero or one if a specific exogenous event occurs. We denote this as the 5 See Marianne Bertrand, Esther Duflo, and Sendhil Mullainathan (2002) [ ]
δ is the value assigned to the exogenous shock when the two equations are differenced.
However, herein lies the difference between the two models. While the DD model assumes that this incident is isolated for one specific locale c, the GDD model makes no such assumption, such that c is a (1 x k) vector of which an event A can occur for any of the k number of locales within that vector. At that specific period of time, t, in which A occurs, those locales affected by A will take a value of one and all other locales will take a value of zero. Furthermore, while event A is independent and unpredictable, there will be j such unique events such that A is a (j x 1) vector. Thus, at any moment of time, a specific locale within c may take a value of one or zero depending on the outcome of A.
[ ]
As with the DD model, the equations are differenced across time and across locales to differentiate the locales that were affected by event A from those who were not, however now the GDD approach differs in that all of the locales that were unaffected will be used jointly to provide a more-balanced control group:
The new estimate for the exogenous shock, δ*, is the difference between the mean value of Y across time and between two sets of locales conditional on one set of locales affected by a unique event in a given period of time and the other consisting of the mean value of those locales unaffected by the event, given that several such events occur in the set of time t = 1, … , T.
Therefore, δ* effectively becomes the time and event averaged exogenous shock resulting from the vector of events A.
VII. Analyzing the Impact of Hurricanes on Migration
In a previous study, Belasen and Polachek (2008) 2005. We found that counties that are directly hit by hurricanes will experience reductions in the growth rate of employment and concomitantly will have increases in the growth rate of wages.
This impact diminishes further away from the center of the storm, in that if a hurricane directly impacts a bordering county, the impact is lessened. For these counties, the change in the growth rate of employment is not statistically significant, and the growth rate of wages will fall. Hence, we hypothesize that at least a portion of the labor market effect of hurricanes is in fact due to an unforeseen surge in migration out of afflicted counties. Thus when a hurricane hits a county, it
should reduce the population growth rate in a county as potential migrants choose to settle elsewhere. To that end, we have taken a set of hurricanes and examined their impact on population shifts in those same counties.
VIII. Methodology
In order to assess the impact of hurricanes on migration we will adapt the model used in Belasen and Polachek (2008, 2009) in such a way to capture the population growth rate in place of the growth rates of wages or employment. Following Belasen and Polachek (2008) equation (5), the following equation isolates the impact of highly destructive hurricanes (i.e. hurricanes with maximum wind speeds over 100 miles per hour) on the differences in population growth rate for each county across time.
P represents the population in county i in time t, and ∆P represents the net migration into and out of that county. W is the corresponding average wage for that county in the previous time period. The two H variables represent the impact of hurricanes on counties, both as direct hits, D, and as indirect hits, N. Following Belasen and Polachek (2008, 2009) , direct hits occur when a county falls within a specific locus of destruction, whereas indirect hits represent strikes to neighboring counties and hence are used to capture spillovers. In order to assess the exogenous impact of the hurricanes on population growth, the GDD approach can be used to isolate the average impact of a hurricane on a county that was hit relative to the average county that was unaffected by the hurricane. Hence, the following model will be regressed:
IX. Data
The hurricane data used in this study come from individual reports from the National Hurricane Center of the National Oceanic and Atmospheric Administration (NOAA). NOAA reports that most hurricanes that strike the United States strike the Gulf States and the Southeastern States. Florida, as a member of both groups of states, was hit by 19 hurricanes in the 18 year period of interest for this study. We focus on the seven most-destructive hurricanes to Florida in that sample: Hurricanes Andrew, Opal, Charley, Ivan, Jeanne, Dennis, and Wilma. The annual growth rate of wages for the average county in the sample was 6.36%, with a relatively wide range running from a high annual rate of 36.75% down to a low contractionary rate of -29.43%.
The population data used in this study comes from the U.S. Census's Population
Estimates by County (PEC). The Census estimates population levels for April 1 of each year using the Census Survey and the American Community Survey (ACS). In order to accurately gauge population changes, a cohort component method is used which breaks down population changes into two main effects: a net birth rate effect as well as a migration effect. Migration is further broken down into domestic (as measured by Internal Revenue Service (IRS) tax returns) and international (measured by ACS reports). Finally, with respect to disaster-related migration, the PEC updates the IRS data with specific data from the Federal Emergency Management Administration (FEMA) on funding disbursements. Overall the average county experienced an annual growth rate of 2.52% with a range between -4.70% to 17.79% growth.
Unfortunately, since the population data is only available on an annual basis, our results will likely underreport the true impact of a disaster on migration by underemphasizing the shortterm migration. Furthermore, since hurricanes need warm surface water to form, hurricane season runs from June 1 through November 30 of each year; and since the population data is estimated for April 1, it will be necessary to lag the results such that we will be examining the impact of hurricanes in time t-1 on a county's population growth rate in time t. Therefore, while we cannot examine short-term migration brought on by a hurricane, we will be able to identify the impact of a hurricane on longer-term migration rates that persists for at least six months.
X. Empirical Results
A summary of the results of the regression analysis for equation (7) can be found in Table   7 below. As one would expect, the evidence of higher wage growth coincides with an increase in the population growth rate for an individual county in the following period. For each one percent increase in the wage growth rate, the population growth rate increased by just under 6%.
Additionally, hurricanes play a very significant role in the longer-term population growth rates for a county that is directly hit by reducing growth rates by 74.8% on average. That indicates there is legitimate evidence that a hurricane will impact net migration into a county. This is contrasted with the counties bordering a county that was directly hit by a hurricane. Neighboring counties will experience a 40.5% increase in their population growth rates -which may be driven by people fleeing the directly impacted counties.
XI. Conclusions
Since the beginning of civilization, natural disasters and environmental degradation have forced populations to relocate. The scientific literature points to two major conclusions regarding the impact of disasters on migration. First, natural disasters will definitely lead to short-term migration, and possibly long-term, as well. Second, populations in urban areas are more likely to leave than their counterparts in rural areas. This latter conclusion stems from the fact that urban dwellers will typically have a higher level of human capital and thus will have an easier time of adjusting in a new location. This is particularly the case when populations migrate from developing to developed countries.
We carried out a meta-analysis as well as an event study using 52 individual studies to test these conclusions. Additionally, we provided an alternative approach to assessing the true impact of a natural disaster on migration by utilizing the Generalized Difference-in-Difference (GDD) model. Using GDD we were able to better isolate the exogenous implication of a series of hurricanes on county-level populations in Florida. We found that population growth rates in hurricane-battered counties can fall as much as 75% relative to unaffected counties. Given all these questions, we still need to zero in on aspects of natural disasters. While there is some evidence on type and magnitude of disasters, we still need more precision, particularly in terms of timing the short-run implications. We suggested some techniques such as the GDD, but there are others that need be developed. So whereas there is clear evidence that natural disasters do, in fact, provide stimulus for populations to move in particular when the likelihood for improvement in quality of life is high, we nonetheless require more accuracy in order to pinpoint when, where and the effects that occur when populations shift as a result of natural disasters. Notes: *Significant at the 10% level; **Significant at the 5% level; ***Significant at the 1% level Notes: *Significant at the 10% level; **Significant at the 5% level; ***Significant at the 1% level Brown et al., (1994); and Smil (1995) Ecuador 1970s Notes: *Significant at the 10% level; **Significant at the 5% level; ***Significant at the 1% level Notes: *Significant at the 10% level; **Significant at the 5% level; ***Significant at the 1% level
